Introduction
Since private consumption represents about 70 percent of US-GDP, timely information about private household spending is important to assess and predict overall economic activity. Data on private consumption for the US are published monthly and with a lag of one month. Leading indicators with high frequency can therefore be helpful not only in predicting the future but also the present month (nowcast). The high frequency and the publication lead of these indicators are of particular usefulness to economic forecasters in times of macroeconomic turbulences, great uncertainty or unique shocks when past values of other macroeconomic variables lose predictive power.
The leading indicators that are typically used to predict consumption are surveybased sentiment indicators. These indicators try to account for both economic and psychological 1 aspects of consumer behaviour by asking households to assess their own and the national economy's current and upcoming economic conditions. The empirical literature has long noted a strong correlation between consumer sentiment indicators and consumption in the US. Indeed the co-movement of the most common survey-based consumption indicators -the Michigan University's Consumer Sentiment Index (MCSI) and the Conference Board's Consumer Confidence Index (CCI) -and real consumption looks quite remarkable although the time-lead of the indicators seems to vary (figure 1).
However, there is little consensus in the empirical literature about these indicators' ability to collect information that is not already captured in macroeconomic fundamentals such as income, wealth and interest rates. Fuhrer (1993) finds that roughly 70 percent of the variation in the MCSI can be explained by other macroeconomic variables, suggesting that large part of sentiment might simply reflect respondents' knowledge of general economic conditions. A possible weakness of the survey-based 5 indicators could be that they do not accurately capture the link between expectations and real spending decisions. Carroll et al. (1994) and Ludvigson (2004) The remainder of this paper is structured as follows: The next section describes the data and the respective indicators. Section 3 presents the empirical approach to assess the forecasting performance of the Google indicator. Section 4 discusses the results.
Section 5 concludes.
The indicators
Google Trends provides an index of the relative volume of search queries conducted through Google. The Insights for Search application of Google Trends provides aggregated indices of search queries which are classified into a total of 605 categories and sub-categories using an automated classification engine. To use as many information from the Google data as possible without running out of degrees of freedom in our forecasting models, we extract common unobserved factors from the Google data and use these factors as exogenous variables in our regression. To extract the factors we employ the method of unweighted least squares. The advantage of this method is that it does not require a positive definite dispersion matrix. This property is not guaranteed because it is possible that some of the search queries are negatively correlated. To select the number of factors we initially employed the Kaiser-Guttman criterion. Depending on the sample period this criterion suggests 11 to 13 factors which explain between 83 and 94 percent of the variance. The usual indices indicate that the resulting models fit the data quite well (Table 2 ). However, with regard to the relatively short sample period it is necessary to reduce the number of factors further to avoid overfitting the forecasting models. We therefore estimated equations for each single factor and for all combinations from two to four factors and perform nowcasts and oneperiod-ahead forecasts. The best results were obtained using the four factors with the largest eigenvalues. In what follows we compare only these four factors with the other indicators.
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The survey-based indicators we employ as benchmark indicators are the University of Michigan's Consumer Sentiment Index (MCSI) and Conference Board's Consumer
Confidence Index (CCI). Both indices try to measure the same concept -namely consumer confidence -and both are based on five questions that include a current conditions and an expectations component. The main difference is that the CCI puts a greater weight on labour market conditions whereas the MCSI interviews households about their financial situation and their current attitude towards major purchases. The CCI thus slightly lags the MCSI as it is more related to the unemployment rate which typically lags the business cycle. Due to differences in the construction methodology the CCI displays also larger movements than the MCSI. As a result of all these differences, both indicators can give conflicting signals although overall they remain highly correlated (figure 1). 6 For better comparability to the Google indicator we also use yearon-year growth rates instead of levels of the survey-based indicators.
Forecasting experiments
To determine the predictive power of the Google factors relative to that of the survey-based indicators we first estimate a simple autoregressive model of consumption growth as a baseline model:
where C denotes the monthly year-on-year growth rates of real private consumption and h is the forecast horizon (0 for nowcasts, 1 for 1-month-ahead forecasts). We use the Schwarz information criterion to determine the order of the autoregression allowing up to three lags. Time aggregation and overlapping periods likely introduce an MA (1) error into the estimation. We therefore model the error term as an MA(1) process.
9 Next, we add the MCSI, the CCI or the Google Factors to the baseline model to see to what extent its predictive power is improved by these indicators alone:
where G k is the respective indicator, again allowing up to three lags. To assess whether these indicators provide information beyond that already captured in other macroeconomic variables typically embedded in forecasting models, we estimate an extended baseline model that also includes macroeconomic variables. The selection of these variables is of course somewhat arbitrary. We employ a model that is also used by Bram and Ludvigson (1998) and Croushore (2005) . It adds to equation (1) real personal income y, interest rates on three-month treasury bills i and stock prices s (measured by the S&P 500 index). The last two variables have the advantage of a publication lead of one month and can thus be used for nowcasting.
7 For all macroeconomic variables we also use year-on-year growth rates.
Finally the extended baseline model is again augmented with the respective indicators:
We conduct in-sample and out-of-sample forecasts to determine to what extent the indicators help to predict movements in consumer spending. In-sample forecasts test the predictive power of the respective indicator over the entire sample period ranging from 
Empirical results

MCSI indicator is substantially inferior. If the extended baseline model (3) is used as
8 Though a rolling window can better account for structural shifts an expanding window leads to more parameter stability, precision and it is more realistic for forecasters to use all available data.
9 For both survey-based indicators earlier data are also available but to maintain a basis of comparison across regressions, we use this period as the largest sample for which year-on-year growth rates of all indicators are available. the relevant benchmark (table 4) (2005) that this indicator is not of significant value in forecasting once other macroeconomic variables are included. The inclusion of the CCI and the Google factors, however, still reduce the RMSFE of the extended baseline model substantially, the CCI performing best for the nowcasts and the Google indicator for the one-month-ahead forecasts. The differences of both forecasting models are however no longer significant.
Conclusions
This study shows that Google Trends is a very promising new source of data to forecast private consumption. In almost all experiments conducted the Google indicators' in-sample and out-of-sample predictive power proved to be better than that of the conventional survey-based indicators. Other methods of category selection might enhance the indicators predictive power even further. Since 2008 Google also provides data for product searches specifically and the respective categories should be even more suitable for consumption forecasts, as they are more related to purchases than the web search queries that were used here. However, at this point in time there are not even 2 years of data available which forced us to refer to web search categories to obtain at least 2 years of data. Eventually, employing seasonally adjusted Google data might also 13 be more appropriate than the usage of year-on-year growth rates. We refrained from seasonal adjustment in this paper, though, since accurate seasonal adjustment requires more time as well. Given the short time horizon of the data base this paper can thus only present first insights and there is certainly room for improvements, once longer timeseries are available. The study nevertheless demonstrates the enormous potential that Google Trends data already offers today to forecasters of consumer spending. Table 6 Relative out-of-sample performance (baseline model) *, **, *** indicate significance at the 10 %, 5 %, 1 % significance level respectively. Hypothesis tests were conducted using a heteroskedasticity and serial correlation robust covariance matrix.
